The degree of hydrolysis is one of the most important indexes for process control and quality assessment in proteins enzymatic hydrolysis. This article proposed a simple and rapid near infrared spectroscopy method for realtime quantifying the degree of hydrolysis in alcalase hydrolysis process. Efficient variables selection algorithms were systemically studied in multivariate calibrations; the partial least squares coupled with uninformative variables elimination and ant colony optimization were proposed for modeling with results yielding Rp = 0.9525. Additionally, 10 independent samples with the relative error less than 10% further confirmed the stability and reliability of this method. This work demonstrated that the near infrared spectroscopy technique with a selected multivariate calibration has a high potential for in situ monitoring of alcalase hydrolysis process in protein industry.
Introduction
Dietary proteins that arrange as strands of amino acids with carbon, hydrogen, oxygen, and nitrogen, are important nutrients for humans. [1] They play a vital role in tissue maintenance and body functions, as well as being essential components in the cells of the muscles, bones, organs, tendons, and ligaments. [2] In particular, peptides, which are protein hydrolysates obtained mainly by enzymatic proteolysis of proteins from various food sources, have aroused considerable attentions due to their unique bioactive natures. Increasing researches demonstrate that these peptides possess multibiological functions including antioxidant, antimicrobial, hypotensive, anticoagulant, and cholesterol-lowering ability, [3] and have potentials in cancer targeting labelling and identification diagnosis. [4, 5] Thus, as a kind of important industry material, they are widely applied in the fields of drugs, [6] nutraceuticals, [7] and food additives, [8] and processed into varying commodities that are extensively consumed throughout the world. However, such peptides are inactive within the sequence of the parent protein and make the efficiency of their digestion or absorption affected under an in sufficient proteolysis. Therefore, the identification and quantitation of these peptides in the modern industry are of great significant for their biological value and interests to both producers and consumers.
Degree of hydrolysis (DH), as a widely used index, indicates the extent of protein hydrolysates. It is defined as the percent ratio of the number of peptide bonds cleaved (h) to the total number of bonds available for proteolytic hydrolysis. [9, 10] Although accurate measurements can be achieved by the use of destructive chemical detections, it has the demerits of such as lacking the capability for to on-or atline testing, time-consuming, and labor-intensive. Albeit there are emerged and improved methods for determining the DH of food protein with simpler operations and broader applications, [11, 12] most of them are still laborious and chemicals analytical demanding, and thus cannot be employed for real time monitoring of a hydrolysis reaction. Hence, the demand for rapid and nondestructive estimation of DH for protein is urgent.
Recently, near infrared (NIR), as an advanced and excellent analytical technique, raises considerable interests for its various applications in the food field. [13] [14] [15] [16] Compared to the stated methods, the technique reveals several advantages such as rapidity as well as being environmentally friendly; [17] and are capable of providing reproducible results with minimal sample preparation. Besides, infrared spectroscopy are mainly the absorption of the overtones and the combination of some functional groups in samples, [18] which records multi-information that can widely be used in molecular structures identification. On the basis of these characterizations, it is possible to real-time monitor the variation of DH with the proposed NIR technique.
Notably, there are few reports available to relate the feasibility of estimating DH using NIR instrument. Egg white proteins (EWPs) were chosen here as the substrate of hydrolysis with the following reasons: on one hand, the EWPs are mainly consisted of ovoalbumin, ovotransferrin, and lysozyme. These proteins are globular in nature with a number of intramolecular disulfide bonds as well as hydrophobic interactions between nonpolar amino acid groups buried inside. [19, 20] Considering the detailed constructs of EWP have been studied, it is helpful for further verifying to ascertain the spectrum absorption peaks for functional groups. On the other hand, the EWP possesses excellent functional capabilities, such as foaming, gelation, and emulsification, [21] which enables EWP to be processed into additives that are widely used in bakery products, meringues, meat products, and cookies. [19] Moreover, developing a simple and robust calibration model is essential for the monitoring of DH by the NIR-based method. Partial least squares (PLS) is one of the most used multivariate regression tool that operates on a full spectrum. [22] Though it preserves all the information from samples, there are still some irrelevant and collinear spectral variables that affect the stability and prediction ability of this model. [18] Therefore, variables selection is always the priority issue that needs consideration, and crucial in improving the performance of model and simplifying the structure of model. Herein, uninformative variables elimination (UVE), competitive adaptive reweighted sampling (CARS), and a novel algorithm of UVE combined with ant colony optimization (ACO), namely UVE-ACO, were used comparatively in characteristic variables selection.
This article addresses the feasibility of real-time monitoring of the DH during the alcalase hydrolysis process of EWP by NIR spectrum with a powerful characteristic variables selection algorithm. The specific work is outlined as follows: (1) Chemical measurement of DH values during protein hydrolysis and NIR spectra data acquisition; (2) use of three variables selection algorithms such UVE, CARS, and UVE-ACO independently for modeling; (3) testing of model for independent samples.
Materials and methods

Sample preparation
In this work, chicken eggs were purchased from the local Auchan supermarket and selected from the same batch and brand for consistency of experimental sample conditions. Initially, egg white was separated from washed eggs and freeze-dried under -80°C for 4 h. Subsequently, they were ground into power as natural EWP samples for future use.
Reference measurement
Reference analysis for the monitoring of DH was operated by the pH-stat method. For controlling the series of protein hydrolysis, samples were managed as follows: one liter of aqueous solution containing 30 g EWP power was water bath-boiled under 95°C for 15 min. After cooling to room temperature and regulating pH to 9.0, alkaline protease, weighted 6% (wt) of the solvent was added to the suspension. Finally, the system was heated to 55°C for sustained enzymatic hydrolysis with general stirring and measured at 15 mL intervals as samples for further analysis. The DH value with pH-stat method was evaluated by mixing alkali titrants with samples so as to balance the pH value; and calculated as follows:
where B is the volume of alkali consumed (mL); N p is the normality of the alkali; M p is the mass of substrate protein (g); h tot is the total number of peptide bonds in the protein, and valued as 7.67 meq g −1 protein here; α is defined as the average degree of dissociation of the α-NH groups and calculated as:
Specifically, before spectra collection, the measured 15 mL of sample solution was successively boiled in 10 min, regulated pH to 7.0, and centrifuged at 5000 r/min for 10 min in order to obtain the immediate measured supernatants which are capable of avoiding the influence of suspension and strong basicity.
Spectra collection
The NIR spectra of varying DH samples were recorded using an Antaris TM II NIR spectrometer (Thermo Scientific Co., USA) coupled with a transmittance module. A 1 mm optical path length quartz cuvette was employed as sample holder, and was washed with distilled water three times for each sample before spectra collection. Each NIR spectrum was the average of 64 scans and collected range from 4000 to 10,000 cm −1 at a resolution of every 8 cm
. Multi-transmission spectra of the samples were presented in absorbance units (log [1/T], where T = transmittance) after taking into account the background spectrum of distilled water. Meanwhile, parallel tests were carried out three times for each sample and the triplicate measurements were averaged to form a unique spectrum for each sample used for the subsequent analysis.
Multivariate analysis
NIR spectroscopy combined with wavenumber variables selection approaches were attempted to develop PLS models for predicting DH of samples. Initially, a full spectrum-based PLS model was calibrated; then, three commonly used wavenumber selection methods, including UVE-PLS, CARS-PLS, and UVE-ACO-PLS were studied systematically and comparatively for eliminating irrelevant variables toward achieving a good model. The UVE algorithm proposed by Centner et al. was an artificial standard based variable selection method. [23] The value of each variable is assessed by comparing its reliability index (RI), which is a function of the regression coefficients of artificial random variables; and the wavenumber variables will be eliminated if there are no more significance to the artificial variables. [24] The CARS algorithm developed by Hongdong Li et al employs a simple but effective principle named "survival of the fittest," which is based on the Darwin's evolution theory. [25] The significance of each variable was evaluated according to the absolute value of the regression coefficients. CARS selects K subsets of variables by K Monte Carlo (MC) sampling runs in an iterative manner and chooses the one with the lowest root mean square error of cross-validation (RMSECV) value as the best variable subset. [22] A novel variables selection algorithm that combines UVE with ACO, namely UVE-ACO was attempted in this work. Considering the variables obtained from UVE are often times still more, further selection of valid variable from UVE is quite necessary. As a result, further optimized variables were achieved via ACO algorithm. [26] The ACO algorithm was first described by Dorigoet al. in the early 1990s, and widely introduced for spectral variables selection in PLS regression problems. [27, 28] Variables with related properties of samples are identified when spectroscopic analysis is combined with chemometrics. The resembled behavior of ant colonies in the search of the best path to food sources enabled ACO to use the concept of cooperative pheromone accumulation to optimize models via a given-defined number of variables selected by the MC approach. [22] The optimal models were selected according to the lowest RMSECV, and the performance of the final model was evaluated according to the correlation coefficient of calibration set (R c ) and prediction set (R p ), the root mean square error in the calibration (RMSEC) set and prediction set (RMSEP). Details about the RMSECV, R c , RMSEC, R p , and RMSEP can be referred to Chen et al. and Pan et al. [29, 30] Besides, in order to efficiently monitor the DH of EWP, a simple model should be developed with variables as less as possible. All data processing and analysis were carried out in Matlab Version 7.11.0 (Mathworks, Natick, USA) in Windows 7.
Results and discussion
Reference measurements
Alkaline proteases are a kind of efficient alternatives to chemicals that particularly are suitable for applications in the food industries. [31] They have raised considerable attentions due to their superior characteristics, such as high stability and activity under harsh reactions, significant abilities of varying proteinacious substrates hydrolysis, and wide range of operational conditions. [31, 32] Additionally, in the pH-stat theory, it is believed that during the enzymatic hydrolysis of peptide bonds, are always accompanied by the releasing or absorption of protons. In other words, the pH shift of the solution directly reflects the DH; and the changes of pH can be automatically stabilized by the addition of a titrant, i.e., HCl or NaOH. Accordingly, at a certain pH level, the volume of consumed titrant is proportionally to equivalent cleaved peptide bonds. [33] Therefore, alkaline proteases were used to efficiently hydrolyze the EWP and the pH shift of the solution was stabilized by NaOH titrant. Figure 2 revealed the variation trend of DH during EWP hydrolysis; and the values first increased rapidly, then increased gently.
Before modeling, all 85 samples were divided into two subsets, namely the calibration set and the prediction set. Samples in the calibration set were utilized to build the model and those in the prediction set were used to evaluate the performance of the final model. Specifically, for enhancing the high robustness and generalization of developed models, samples were selected as follows: first, all samples were arranged into an ascending order and put into groups of five each. Within each group, odd numbered samples were selected to constitute the calibration and the even ones for the prediction set. Detailed information about samples is shown in Table 1 . 
Spectral data preprocessing and investigation
Eighty-five spectra corresponding to 85 collected EWP hydrolysis samples were recorded by NIR. Figure 1a showed the raw spectra of all the samples. As seen in Figure 1a , the peaks near 5200 cm
were saturated with high noise signals. Accordingly, between 5025 and 5280 cm −1 , which related to -OH from water were considerate to be removed. [18] To remove slope variation and correct the scatter effects which were induced by tiny particles or bubbles in samples, standard normal variate (SNV) transformation spectral preprocessing method was used in this work. The SNV transformation approach was executed by subtracting the mean of the spectrum and scaling it with the standard deviation of each spectrum, and expressed in Eq. (3):
where x i,SNV is the SNV transformed spectral value for the ith variable, xi is the ith variable in the raw spectrum, and x is the mean of the raw spectrum. Figure 1b showed the SNV preprocessed spectra of all the samples. It is well known that the hydrolysis of protein is a rather complex process, which contains changing of protein structures and numerous related chemical bonds. Generally, the amide II band (N-H deformation coupled with C-N stretching) and the amide III band (N-H deformation coupled with CH 2 deformation) are sensitive to the protein structures; [34] and are absorbs in shown in Figure 1b 
Selection of effective wavenumber
In order to achieve the best model for real-time monitoring of DH during the hydrolysis of EWP, multivariate calibrations were studied systematically and comparatively. First, for highlighting the significance of spectral variables selection, three different methods including UVE-PLS, CARS-PLS, and UVE-ACO-PLS were attempted in contrast to a classical PLS model; and then comparisons were also made between the stated variables selection methods to obtain the most efficient variables. The relationship between the reference measured and NIR predicted values in both calibration and prediction sets can be seen in the scatter plots in Figure 4 ,
wherein (A) is for PLS, (B) is for UVE-PLS, (C) is for CARS-PLS, and (D) is for UVE-ACO-PLS.
UVE-PLS model
With regards to UVE-PLS model MC strategy was employed for sampling in the variable space. It helps to eliminate the uninformative variables and simultaneously estimate its predictive performance. The RI value was used to assess the importance of variable, in order to eliminate variables of low RI. As seen in Figure 3a , the folded diagram of RI was selected for variables in the final model and a red dashed-dotted line indicated that the RI of variables that were higher than 1.9 could be chosen for calibrations. Accordingly, the optimized UVE-PLS were developed with 108 variables. Figure 4a is the scatter plot revealing the relationship between reference measured values and NIR predicted ones in both calibration and prediction sets; yielding 0.9927 for Rc and 0.8582 for Rp, respectively.
CARS-PLS model
In the calculation of CARS, three parameters including the maximal principle to extract A, the group number for cross validation K and the number of sampling N were optimized first, and defined as A = 18, K = 5, N = 50. Results were concluded in Figure 3b . Specifically, plot (a) revealed 5-fold RMSECV values with the increased sampling runs from the CARS running. As seen from plot (a), the RMSECV decline was steep at the former 10 sampling runs which could be attributed to the elimination of redundant variables, then decreased gently at the middle section; and finally the values increased rapidly corresponding to the loss of crucial wavenumber from the optimal subset (denoted by red asterisks). Plot (b) showed the regression coefficient path of each variable with the increased sampling runs from the CARS running. The variables would be more probably kept with larger coefficient absolute values. Plot (c) showed the variation trend of the number of sampled variables with the increased sampling runs from the CARS running. The number of sampled variables decreased urgently at first, and then gently, which indicates the fast selection and refined section, respectively. Finally, 60 variables were selected when the number of sampling runs was 25 (marked by the asterisks). The optimized CARS-PLS model achieved as shown in Figure 4c , the red triangles indicated the samples in the calibration set with Rc = 0.9995; and the blue ones indicated the samples in the prediction set with Rp = 0.9078.
UVE-ACO-PLS model
To obtain an efficient model, the ACO method was conducted on each UVE reduced variables. In the calculation of ACO, several required parameters were set according to substantial trials-based experience: [22] the initial population was set to 80; the maximum number of iterations was set to 50; the maximum number of cycles was set to 20; the probability threshold of variable selection was set to 0.3; and the pheromone attenuation coefficient was set to 0.65. Figure 3c demonstrated the characteristic wavenumber selected by ACO method after UVE-based variables selection. As seen in Figure 3c , there were 19 variables contained with larger frequency; and these selected variables resembled those selected by CARS but not all the same. Figure 4d shows the scatter plot revealing high correlation between references measured and NIR predicted values both in calibration and prediction sets; and the correlation coefficient of Rc and Rp were 0.9828 and 0.9528, respectively, in the optimized UVE-ACO-PLS model. Table 2 outlined the overall results. The results in Table 2 and Figure 4 confirmed the feasibility of real-time estimating of the DH using the proposed NIR technique in this work. Additionally, the three variables selection-based regression tools were substantially superior to the classical PLS model, exhibiting improved performance and fewer variables; and through further comparison, the UVE-ACO-PLS model made great progress in measurement with the least variables but the best result.
The main reasons are summarized as follows. PLS as a commonly used multivariate regression tool, was implemented to build a model with the full spectrum including 1557 variables here. Such enormous data contained informative variables as well as the collinear or irrelevant ones that were unrelated to protein hydrolysis. Accordingly, as seen in Figure 4a , the performance of PLS model will inevitably weaken due to the redundant related variables with results of Rc = 0.8610 and Rp = 0.6652 in the calibration set and prediction set, respectively. UVE method initially develops large numbers of models with randomly selected calibration samples, and then each variable is evaluated with a stability of the corresponding coefficients in these models. [35, 36] Hence, variables that demonstrated poor stability are deemed as uninformative and can be eliminated eventually before modeling. In this work, the optimal intervals of UVE model were labeled as 4400-4690, 4900-5164, 5400-5534, 6800-7069, and 7231-7385 cm −1 , with a total number of 108 variables. Compared to the 1557 original variables, the number of variables has been greatly reduced, which explained the better performance of the UVE-PLS model. Nevertheless, the hydrolysis of proteins is a rather complex processing that are accompanied with sophisticated chemical reactions, such as the producing of glutamine, the qualitative changes of EWPs, and the stretching vibrations of CH x from amino acid side chains, etc. These chemical groups are mainly assigned to the interval of 4262-6211 cm −1 in the NIR spectrum. [34] Thus, there are tendencies of some irrelevant or collinear wavenumber variables influencing the stability and precision of this model. The CARS algorithm, as an alternative and efficient approach for uninformative variable elimination, is also based on the large absolute regression coefficient values to evaluate the importance of each variable. Uniquely, it reveals better solutions in discrete wavenumber selection, in other word, the CARS approach performs better if the meaningful wavenumber bands are far away from each other. [36, 37] As the characteristic chemical functions stated above, the corresponding wavenumber for these bonds are not adjacent to each other, which will be more suitable for CARS-PLS algorithm in this work. Accordingly, a better performance of CARS-PLS model with results of Rc = 0.9995 and Rp = 0.9078 in the calibration set and prediction set, respectively, obtained with 60 variables, which were 4215-4350, 4678-5122, 5330-5507, 6614-7378, and 9873-9912 cm −1 . Considering the larger number of original variables (i.e., 1557 variables) in this work, it will be more difficult for variables selection methods to choose characteristic wavenumbers with random selection behaviors. Thus the hybrid algorithm may present a better choice for compatible realtime monitoring model calibrations. [38] A hybrid method, ACO followed by UVE, denoted as UVE-ACO-PLS was employed here: in the UVE step, unrelated variables are eliminated in order to reduce computing time in the following ACO step, and to improve the performance of the ACO-step. Finally, 19 were selected from 108 variables. Critical examination of these wavenumbers reveals that they are mainly assigned to structure transformation from α-helix (4268-4863 cm −1 ) to β-sheet (4323-4535 cm −1 ) and reflecting NH stretching and NH deformation of amides A and B in the peptide groups. [39] On the basis of these characterizations, the UVE-ACO-PLS algorithm achieved the optimal model with the simplest operation but the best quantifying results of Rc = 0.9828 and Rp = 0.9528 in the calibration set and prediction set, respectively, when compared to the other three models. Moreover, based on the overview of other related works, there is a an indication that the proposed method does not only simplify the multi-steps pretreatment of samples as well as relieved off the labor intensive procedures, but also achieve reliable results which are suitable for high-throughput and real-time quantifying. [11, 40] Thus, the proposed NIR method with the efficient UVE-ACO-PLS algorithm could meet the demand for in situ monitoring of DH in industry protein hydrolysis under alkaline proteases conditions to obtain reliable results.
In addition, for verifying the stability and reliability of this NIR-based spectroscopy method, 10 independent samples with three times spectra were taken into the optimal model, respectively. Herein, relative error (RE), which describes the comparison results of NIR predicted values and chemical measured ones, were employed to evaluate the performance of this method. Figure 5 showed RE for the three times predictive values of DH. As seen in this figure, all of the obtained RE results were less than 10%, and the standard deviation could be kept under 3% according to the value of DH, which further confirmed the stability and reliability of measurement by the proposed NIR spectroscopy method in this work.
Conclusion
This work demonstrated that NIR spectroscopy combined with an efficient modeling algorithm has a high potential in the rapid measurement of the DH of EWPs under alkaline proteases enzymolysis; besides, an optimum PLS regression algorithm coupled with UVE and ACO, namely UVE-ACO-PLS revealed remarkable results that are extremely suitable for monitoring the DH value. With improved model calibrations, NIR spectroscopy technique can be a promising tool for in situ monitoring varying hydrolysis process in the food industry.
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